Reliable machining monitoring systems are essential for lowering production time and manufacturing costs. Existing expensive monitoring systems focus on prevention/detection of tool malfunctions and provide information for process optimisation by force measurement. An alternative and cost-effective approach is monitoring acoustic emissions (AEs) from machining operations by acting as a robust proxy. The limitations of AEs include high sensitivity to sensor position and cutting parameters. In this paper, a novel multi-sensor data fusion framework is proposed to enable identification of the best sensor locations for monitoring cutting operations, identifying sensors that provide the best signal, and derivation of signals with an enhanced periodic component. Our experimental results reveal that by utilising the framework, and using only three sensors, signal interpretation improves substantially and the monitoring system reliability is enhanced for a wide range of machining parameters. The framework provides a route to overcoming the major limitations of AE based monitoring.
Introduction
In the manufacturing sector there is an ever growing-demand to increase the quality and diversity of products, as well as lowering production time and costs. This is mostly due to intensified global competition, diversified demand and shrinkage of product life cycles [1, 2] . To meet the above demands, manufacturers' interests are turning increasingly towards automated machining systems, where there is less dependence on the operator during the production process. The success of an automated machining system depends vastly on a robust and reliable monitoring system for on-line and off-line supervision of key machining processes. This is considered a challenging task due to the following main reasons [3] :
1. The geometrical complexity of the components that form the final machined product requires complex tool path strategies along with a variety of machining techniques, as found, for instance, in high-speed milling [4, 5] and machining of sculptured surfaces [6] . 2. Materials that possess low machinability such as difficult-to-cut nickel based and titanium superalloys can lead to tool failure during machining operations since they require more energy than that of lower strength materials. Some typical wear features that are caused during machining include rapid flank wear and notching [7] . 3. Sensory signals derived from machining operations that could indicate the presence of machine failure are not always easy to interpret owing to the complexity of the cutting tool, and also due to its geometry and paths. 4. The high-cost associated with certain machining components which prevent the occurrence of wastage and/or any additional machining.
The application of intelligent systems to monitor computer numerical control (CNC) machining operations is rapidly increasing in the industry. Several approaches have been proposed that accomplish tool monitoring and some of them have been successfully adapted to industrial applications. An extensive review on sensor-based systems for tool condition monitoring with a special focus on industrial applications can be found in [8] . Despite earlier effors, and due to the reasons mentioned above, the existing intelligent monitoring systems are still not considered reliable enough to completely replace human supervision. In that, human operators are still essential in the industry to detect the end of tool life and to correct the cutting parameters whenever it is required [9] . Currently, there are three main goals related to machining process monitoring:
(i) Prevent and detect any machining tool and workpiece malfunctions. This can reduce the number of scrapped components during machining operations and prevent any irreversible damage to the tool and/or final machined product.
(ii) Provision of information that can be utilised towards the machining process optimisation. For instance, in [10] energy consumption readings are utilised to optimise the process planning in CNC machining. (iii) Contribution to the development of a database towards the determination of an optimal set of cutting (control) parameters for the given machining process.
An approach that is becoming increasingly popular is to analyse the acoustic emissions (AEs) derived from machining cutting operations. Despite their advantages, AE-based systems are not considered to be totally reliable due to: (a) their sensitivity to AE generated by sources other than tool and workpiece which can be picked up by the sensor and confuse the signal processing task [11] , (b) the requirements of adjusting the signal amplification which is dependent on the process to be monitored [12] , (c) the sensitivity of the AE measurements to sensor location and cutting parameters [2] , and (d) limitations related to the practical implementation of a microphone in an industrial setting, such as directional consideration, frequency response, and environmental sensitivity [13] . To address the above limitations, this paper proposes a multi-sensor data fusion framework that relies on the information captured by more than one sensor and subsequent processing allows for:
1. Identification of which sensor provides the best signal representation and best location for monitoring the cutting operation. The identified sensor yields the highest periodic component strength that corresponds to the cutting tool rotation period. 2. Derivation of a signal with an enhanced periodic component corresponding to the cutting tool rotation period when compared with individual sensor signals. The derived signal, known as signal estimate, improves the signal representation by further enhancing the signal over the noise that best describes the cutting operation for the given cutting parameters.
To validate the proposed framework a set of three microphones are placed at different locations inside a CNC machining structure and measurements are taken for a wide range of cutting parameters.
The remaining structure of the paper is as follows: an introduction to acoustic emissions with special focus on machining applications is provided in Section 2, two approaches that form the basis for the proposed framework are described in Section 3 while Section 4 presents the framework. The experimental results on CNC machining data are covered in Section 5 and the paper concludes with Section 6.
Acoustic Emissions Monitoring in Machining
The acoustic emissions (AEs), also known as "stress wave emission" or "microseismic activity", is a phenomenon of sound and ultrasound wave radiation where elastic energy is released in the form of mechanical vibration from a material (tool, workpiece, machine body) as it undergoes deformation and fracture processes [11] . AE signals derived from machining operations (metal cutting in this instance) can be either: (i) a transient signal, also called "burst", characterised by a short duration signal with high-amplitude and associated with chip and tool fracture; or (ii) a continuous signal characterised by a long duration signal with variations in the amplitude and frequency, often associated with unwanted (noise) signals such as friction, deformation and flow noise [14, 15] . The spectrum of a typical AE spans the kilohertz (kHz) to megahertz (MHz) range which is well above the machining operation frequency, characterised by the spindle rotation and the frequencies of the normal modes of operation. This has allowed the application of AE sensors for machining process monitoring that includes characterising the tool/workpiece surface/subsurface (roughness and anomalies), tool condition (e.g. tool wear and tool breakage), and dimensional accuracy (bore size tolerance). A selection of applications currently found in the literature is summarised as follows:
1. AE as a single sensor: tool breakage [16] , tool wear [17, 18, 19] , tool wear and chipping [20] , tool and workpiece malfunctions [3, 21] , and tool wear and surface roughness [22, 23] ; 2. AE together and/or combined with other sensors: tool wear [24, 25, 26, 27, 28, 29] , tool breakage detection [30, 31] , surface roughness prediction [32] , and dimensionality accuracy and surface roughness [33] .
An acoustic emission wave travels omni-directionally from the source material to the AE sensor via the material itself and/or by air. This means that the AE sensors can be either attached or separated from the material. A direct measurement of the cutting process is possible if the sensor is either placed close or attached to the tool or workpiece. However, it is often the case that in the proximity of the cutting operation there is a substantial amount of material being removed and coolant fluid being delivered which makes it difficult, if not impossible, to conduct a direct measurement. On the other hand, although the remote placement provides more security to the capturing process itself, it might result in filtering and distortion of the signal. This can be attributed to the structures and substances that exists in the path of the cutting process and the sensor location [13] .
The AE sensors have been categorised in [11] as either piezoelectric or dynamic microphones, and the two main differences are:
(i) the frequency range: where the typical piezoelectric AE sensor ranges from 10kHz to 10MHz while the microphones ranges from a few Hertz to a hundred kHz; and (ii) the sensor placement: where the piezoelectric AE sensors are usually attached to the material to be monitored (often the tool or workpiece) while the microphones are placed away from the cutting operation.
Although most AE sensors applications in machining belong to the piezoelectric category [34] , microphones have been utilised in the past for chatter detection in milling operations [13] , for acoustic sensing in laser drilling [35] , and more recently for CNC machining in woodworking operations [36] and for monitoring a gas metal arc welding process [37] . In [13] a comparison was made between a microphone and other remotely placed sensors, such as force dynamometers and accelerometers, and it is shown that the microphone provides the best balance in satisfying the many requirements of a sensor for the purpose of chatter detection and control in milling operations. Another important aspect is the superior sensitivity and higher signal-to-noise ratio (SNR) of AE sensors for monitoring the most critical processes in precision machining when compared with other conventional types of sensors, such as force and vibration [38, 39] . Conventional sensors suffer from inaccuracies due to loss of sensitivity in the extremely high frequency range, while AE sensors exhibit improved response in the high-frequency range where frequencies from submicrometre-level precision machining activity are more prominent. The sensors sensitivity is affected by the level of precision required by the machining process and as well by the control parameters to be monitored, as represented in Figure 1 . Notably, AE sensors are the most reliable sensors in dealing with surface roughness and subsurface damage when the level of precision increases to ultra-precision scale (1 nm). This means that AE sensors are suitable for monitoring micro cutting mechanisms since noise from disturbance sources (bearings, slides, etc.) can be minimised.
Background Theory
This section presents two approaches that form the basis of this paper's framework, namely: maximum likelihood estimation and auto-correlation coefficient. The former provides a signal estimate based on the signal variance, under the assumption that a reasonable model for the noise is white Gaussian noise (WGN). The latter provides a measure of the periodic component strength that corresponds to the cutting tool rotation period, given that AE signals derived from rotary cutters are periodic by nature. The maximum likelihood estimation and the auto-correlation coefficient are detailed in Sections 3.1 and 3.2, respectively.
Maximum Likelihood Estimation
Maximum likelihood estimation (MLE) [40] is a standard approach for estimating the parameters of a given statistical model which is widely used due to its simplicity and often because it yields the most natural estimates [41] . Consider an ensemble of M observations of a noise-corrupted discrete-time N-point signal as
. . .
where x i [n] is the output of the ith sensor at instant n. A reasonable observation model for x i [n] is given by
where s[n] and w i [n] correspond to the signal and noise components of x i [n], respectively. Here, it is assumed that w i [n] for all i's is a sequence of random variables independent and identically distributed by some probability density function (PDF). A reasonable PDF for the noise is the WGN [42] , where each random variable is uncorrelated with all the others. This leads to w i [n] ∼ N(0, σ 2 i ), which denotes a Gaussian distribution with mean zero and variance σ 2 i , where σ 2 i is the variance of the ith sensor signal. Letting 1 ∈ R M be a vector with all entries one, rewrite (2) as
where 
where p(w[n]|s [n] ) is the conditional PDF of the noise given s [n] , also known as the likelihood function. By noting (3) it is easy to see that
To maximise the likelihood function it is easier to take the log of the expression since s[n] is inside an exponent. This is known as the log-likelihood function and is given by
The next step is to take the derivative of the log-likelihood function, which gives
Then, by setting (7) equal to zero we can determine the value ofŝ[n] that maximises the likelihood function leading toŝ
To prove that (8) is a maximum, we can check the sign of the second derivative as follows
and since the term σ 2 i is always positive, it is easy to see that the expression tends to be always negative. Hence, it is shown that the signal estimate in (8) is indeed an MLE estimate. Notably, the estimate provided by (8) will better resemble the ith sensor signal, x i [n] , that yields the lowest variance among the sensor's signal.
Periodicity Strength Measure
The noise-corrupted signal captured by the AE sensor can be decomposed into signal and noise components as shown in (2) . The signal component is a k-periodic waveform that corresponds to the cutting tool rotation, where k is the cutting tool rotation period. The noise component is aperiodic since its PDF is WGN. To determine the strength of the periodic component in a N-point discrete-time signal
where the terms µ x and σ 2 x denote the mean and the variance of the signal x[n], respectively. The auto-correlation coefficient provides a scale-free measure of the similarity between samples as a function of the lag k. Given this, the coefficient is able to measure the system stability, such that:
(i) when the system is stable or when the periodic component is dominant, the auto-correlation coefficient tends to 1; and (ii) when the system is unstable or when the aperiodic component is dominant, the auto-correlation coefficient tends to 0.
Thus, the auto-correlation coefficient is able to provide an indication of the periodic component strength, which in this case corresponds to the cutting tool rotation period. This allows us to evaluate the quality of a signal measurement during a CNC machining cutting operation that involves rotary tools.
The two approaches described above are utilised by the multi-sensor data fusion framework which is presented in the following section.
Multi-Sensor Data Fusion Framework
Multi-sensor data fusion [43] is comprised of techniques and tools that are used for combining sensor data, or any other data that is derived from the sensory measurements, into a common representation format. The aim of multisensor data fusion is to improve the quality and accuracy of the collected information such that the final representation is better than, or at least not worse than, any data source collected by an individual sensor.
The multi-sensor data fusion framework proposed here aims to: (i) identify which of the sensors provides the best signal representation and best location for monitoring the cutting operation, and (ii) derive a signal estimate by combining the sensory information from individual AE sensors with enhanced signal characteristics associated with the cutting operation. To achieve this aim, the steps of the framework are as follows:
1. Signal extraction: Collect from each sensor a discrete-time signal comprised of N observations, during a CNC machining cutting operation. It is assumed that the signals from the different sensors are in-phase 1 . 2. Digital filtering: Filter the ith sensor signal by applying a digital filtering technique and let it be denoted by x i . It is recommended to use a band-pass filter with an upper and lower cutoff frequency higher and lower, respectively, than the theoretical tool cutting frequency. Let f up and f down denote the upper and lower cutoff frequency, respectively. 3. Signal normalisation: Given that the AE sensors have been positioned at different locations within the CNC machine, different levels of signal attenuation are expected between them. To account for the disparate levels of signal attenuation, each sensor signal level is normalised as follows: (i) let the amplitude of the jth peak in the ith sensor signal be denoted by p j then determine the median of the amplitude of the first 20 peaks as
(ii) determine a normalisation factor for the ith sensor as
(iii) let the normalised ith sensor signal be given by
4. Sensor preference-weight: Let the auto-correlation coefficient (10) of y i be given by C i . The preference-weight towards the ith sensor signal is
Notably, for two sensors denoted by a and b, the preference-weight indicates that: I Sensor selection: Select the sensor with the highest preference-weight and let it be denoted by
II Signal estimate: A signal estimate is determined by combining the MLE estimate in (8) with the sensor's preference-weight (14) as given bŷ 
The above procedure is summarised in Framework 1. Depending on the application the user can specify: (i) the number of signal samples, (ii) the number of sensors, and (iii) the upper and lower cutoff frequency for digital filtering. The above framework is limited to periodic transient signals generated by the interaction between the cutting tool and the workpiece, such as CNC machines with rotary cutters. We now demonstrate this framework by analysis of experimental data. 
Experimental Results on CNC Machining Data

Experimental Setup
Throughout the tests, the CNC milling machine used is a Bridgeport VMC 610XP 2 . This is a 3-axis high speed machining centre capable of spindle speeds up to 8,000rpm and a maximum spindle motor power of 13kW. The workpiece material is aluminium alloy 6061-0 and the tool used for cutting is a two flute high speed steel 14 mm slot drill. The selected material was chosen because it is considered to be one of the most widely used alloys in the 6000 series and also due to its good workability properties 2 . The same water based cutting fluid (V-Cut SS semi-synthetic) was delivered through the tool, for all the tests. The acoustic emissions were measured by three 3 omnidirectional condenser microphones (Behringer ECM8000) with a signal bandwidth ranging from 20Hz to 22kHz and a sensitivity of 8.06 mV/Pa. Omnidirectional microphones, as opposed to directional microphones, have been selected to avoid having to consider directionalization techniques [13] which could further complicate the installation of the microphones inside the workspace enclosure. The frequency response of the microphone is shown in Figure 3 . The microphones were connected to a multi-channel sound card (Edirol UA-101) with measurements logged at 44.1kHz. The Nyquist-Shannon sampling theorem [44] asserts that for a complete representation of the signal the bandwidth needs to be less than half of the sampling rate. This is the case for this setup since the bandwidth (22kHz-20Hz=21980Hz) is less than half of the sampling rate (44.1kHz/2=22050Hz), i.e., 21980Hz<22050Hz.
The position of the AE sensors inside the CNC milling machine is shown in Figure 2 . Note that the AE sensors have been positioned around the workpiece but have not been attached to the cutting tool or workpiece, which is a common trend throughout the literature. The justification for this lies in the fact that there is a water based cutting fluid being delivered through the tool and also that there is a significant amount of vibration close to the cutting area due to the contact between workpiece and the cutting tool. Hence, to reduce the contamination of the measured signal by those two noise sources it has been decided to position the AE sensors at a safety distance away from the workpiece centre. The cables that connect the AE sensors to the multi-channel sound card were then fixed to the walls of the CNC milling machine interior using adhesive tape to prevent the AE sensors from moving during the cutting operation. The three chosen locations were selected apart from each other deliberately by taking into account the safety of the microphones from the water based cutting fluid and also from the vibration of the structure. As a result, the chosen locations meant that the distance between each sensor and the workpiece centre is: 63cm for Sensor-1, 105cm for Sensor-2, and 119cm for Sensor-3. During the cutting operation tests, it is expected that the amplitude of the measured AE signal to change when measured from a fixed position since the spindle (with a cutting tool attached) moves 23cm horizontally along the workpiece whilst cutting a slot. Hence, for consistency and to reduce the Doppler effect 4 , all the AE signals that have been considered for analysis have been extracted when the spindle is in the centre of the workpiece. This is shown in Figure 4 on top and on the bottom figure the selected segment corresponds to a time frame of 0.3 seconds (the exact number of points is N = 13232). In subsequent plots the signal waveform represented is many times truncated to the first 0.1 seconds, or to lower time frames, in order to improve the signal visualisation.
To reduce any source of noise that might affect the signal information, a band-pass second-order Butterworth filter [45] is utilised, with parameters:
(i) a lower cutoff frequency ( f down ) equal to 20Hz which corresponds to the microphone lowest bandwidth frequency; and (ii) an upper cutoff frequency ( f up ) equal to 1000Hz since the microphone frequency response in the range ]1000;22000] (Hz) is characterised by high oscillations as reported in Figure 3 .
Acoustic Transient Signals
The cutting tool in milling operations is utilised to remove material from the workpiece by shear deformation. This is accomplished by the movement of the teeth, present in the tool, which hit the workpiece and the vibration of the impact produces the acoustic emission. For one particular set of cutting parameters the waveform of the acoustic emission captured by Sensor-1 is represented in Figure 5 (a). For this particular dataset it is expected for the tool to conduct approximately 2.4 rotations which leads to four transient signals since there are two teeth on the tool. This is by knowing that the spindle speed has been set to 1700rpm and that the selected time frame corresponds to 0.085 seconds. The same signal is also represented in the frequency domain in Figure 5(b) , where the frequency of the tool teeth hitting the workpiece, denoted here by tooth-impact frequency, is represented by the highest peak. The other lower peaks that are integer multiples of the tooth-impact frequency, are known as harmonics. The tooth-impact frequency is given by where n is the number of teeth on the tool, m is the spindle speed in rpm and the tooth-impact frequency is given in cycles per second, or Hz. For a spindle speed of 1700rpm the tooth-impact frequency is approximately 56.7Hz and this frequency is shown in Figure 5 (b) by a dotted vertical line. The waveform in Figure 5 (a) is not purely sinusoidal and this means that the energy released by the cutting forces is not totally concentrated on the tooth-impact frequency, and as a result, some energy gets distributed along the frequency spectrum. In particular, the frequency components that are integer multiples of the tooth-impact frequency, also known as harmonics, are boosted since they are easier to excite and therefore they can be easily identified in the frequency spectrum as shown in Figure 5 (b). The signal in Figure 5 (a) along with the corresponding frequency spectrum ( Figure 5(b) ) provides the machinist (or operator) the information that the cutting tool is hitting the workpiece at a rate that corresponds to the tooth-impact frequency for the given spindle speed. That is, for a spindle speed of 1700rpm the measured highest frequency peak corresponds to the tooth-impact frequency of 56.7Hz and any other peaks in the frequency spectrum are the harmonics of the tooth-impact frequency.
In the given application the framework operates in the frequency range 20-1000Hz and the acoustic transient signal generated in that range is then used to monitor the cutting operation. This implies that a good SNR for AE in this case depends on other events (or simply noise) that might exist in the same frequency range. The event of interest in this application is the interaction between cutting tool and workpiece that is defined by the spindle speed, set here between 1700-4000rpm.
Demonstration of Framework 1 on a Single Set of Machining Parameters
This section demonstrates the working of Framework 1 when applied to a single set of sensor measurements, corresponding to one set of machining parameters. The parameters are: 4000rpm spindle speed, 1800mm/min feed rate, and 2mm depth of cut. These parameters have been selected because the captured signals by the AE sensors present disparate levels among their periodic component strength. The application of the framework steps is as follows: 1. Signal extraction: for the above set of parameters the signal waveform obtained by Sensor-1, Sensor-2 and Sensor-3 is represented in Figures 6(a) , 6(b), and 6(c), respectively. In the three cases it is difficult to visualise the signal waveform since the SNR is low. Also, note that the amplitude of the signal changes with the sensor proximity to the workpiece. In that, Sensor-1 is the closest to the cutting operation while the farthest sensor is Sensor-3. Figures 6(g), 6 (h), and 6(i), for Sensor-1, Sensor-2 and Sensor-3, respectively. Sensor-3 yields the lowest peak amplitude among the sensors and therefore it is used as a reference for normalising the other sensors signals while its amplitude remains unchanged. Whereas, the lowest factor is attributed to Sensor-1 since its peak amplitude is the highest among the sensors. I Sensor selection: Sensor-1 yields the highest periodic component strength while the lowest one is attributed to Sensor-3. This implies that the selected sensor for the given cutting parameters is Sensor-1, that is, S = 1. To analyse this, consider the frequency spectrum shown for the three sensor signals in Figure 7 . Note that the tooth-impact frequency peak in Sensor-1 (Figure 7(a) ) is comparatively higher than the corresponding harmonics when compared with the same peak in Sensor-2 ( Figure 7(b) ) and Sensor-3 ( Figure 7(c) ). This explains why it is possible to better identify the transient signals generated by the cutting operation which are represented in the waveform for Sensor-1 ( Figure 6(g) ), than that shown for both Sensor-2 ( Figure 6(h) ) and Sensor-3 ( Figure 6(i) ). This validates the identification of Sensor-1 as the selected sensor since it is shown to capture better the cutting operation when compared with the other sensors. Moreover, Sensor-3 reports the tooth-impact frequency with the lowest amplitude which makes the signal waveform more susceptible to be affected by the harmonics and any other sources of noise. This explains why Sensor-3 reports the lowest periodic component strength among the sensors. Consequently, the preference-weights reported above reflects the relative strength of the periodic component among sensors and by decreasing order of magnitudes it gives W 1 > W 2 > W 3 . II Signal estimate: The obtained signal estimate is shown against the signal of each individual sensor in Figures 6(j) , 6(k) and 6(l), for Sensor-1, Sensor-2 and Sensor-3, respectively. Notably, the signal estimate resembles better that obtained by Sensor-1 when compared with Sensor-2 and Sensor-3. This is expected since the preference-weight attributed to Sensor-1 is the highest among the sensors. The signal estimate waveform is represented on its own in Figure 8 (a) and the corresponding frequency spectrum in Figure 8 10) is equal to 0.8217 which is considered to be an improvement over the individual sensors given above.
Remarkably, for the selected set of cutting parameters, if only one AE sensor is available and its position is the same as Sensor-2 or Sensor-3, it would not be possible to monitor the machining cutting process with precision. Hence, endowing a monitoring system with a multi-sensor data fusion framework is clearly justified given that:
(i) The effect of noise is minimised since the system relies on more than one sensor. Note that relying on Sensor-1 is clearly better than relying on either Sensor-2 or Sensor-3. (ii) The signal interpretation is likely to improve, which leads to a more reliable and robust monitoring system.
The signal characteristics that better describe the machining cutting operation, that is, the transient signals that characterise the tool-impact frequency have been transferred to the signal estimate. This is reflected in Figures 8(a) and 8(b) for time and frequency domain, respectively.
Experimental Results for a Wider Range of Machining Parameters
In this section a set of experimental results have been conducted for a wider range of machining parameters which includes the following machining conditions: spindle speed ranging from 1700 to 4000 (rpm), feed rate ranging from 510 to 2000 (mm/min), and depth of cut ranging from 1 to 4 (mm). For these parameters, the strength of the signal periodic component (C) is reported first among the sensors in Table 1 and then between the selected sensor and the signal estimate in Table 2 . To facilitate the analysis, the best results reported in the tables have been highlighted in bold. Now considering Table 1, note that the strength of the signal periodic component is influenced by the spindle speed and the selected sensor corresponds to:
(i) Sensor-1: for all cases corresponding to 4000rpm and for the majority of cases corresponding to 2850rpm.
(ii) Sensor-2: for all cases corresponding to 2275rpm and 3425rpm, and for some cases corresponding to 2850rpm. (iii) Sensor-3: for the majority of cases corresponding to 1700rpm.
The above observations indicates that the strength of the signal periodic component is highly influenced by the position of the sensors and by the spindle speed. This further suggests that the AE sensors are sensitive to other sources of noise that could occur inside the CNC machine at different locations, and that these sources of noise change depending on the selected cutting parameters. This would mean that determining the ideal position of a single sensor that would maximise the strength of the periodic component for a wide range of cutting parameters might be difficult due to the following reasons: 1. The position of a single AE-sensor that is commonly adopted throughout the literature is as close as possible to the machining zone to ensure minimum damping. However, this is not always possible due to other events that might occur in the proximity of the machining zone, such as: water based cutting fluid being delivered through the tool, and vibration close to the cutting area due to contact between workpiece and cutting tool. This meant that for the given CNC machine and cutting operation the closest safest position to the workpiece centre was 63cm, which corresponds to Sensor-1. 2. The results in Table 1 have revealed that the best sensor location is highly influenced by the selected spindle speed. Hence, attempting to select one single position for all tests might be ideal for a given spindle speed but it is not ideal for a wide range of cutting parameters.
Consider now Table 2 where a comparison is conducted between the signal estimate provided by Framework 1 and the best values reported by the sensors. The periodic component strength reported by the signal estimate is higher than any sensor signal in 52 out of 100 cases. In the remaining cases the performance of the signal estimate is very close to the best sensor values which is reflected on the absolute difference reported in the Table 2 . The results have also shown that when all the sensors have a strong periodic component then the periodicity strength of the signal estimate is not likely to show much improvement. This is the case for instance when the spindle is equal to 3425rpm and the depth of cut higher than 2mm.
One particular observation relates to the fact that the lowest periodicity component strength reported by the signal estimate corresponds to a depth of cut of 1mm when compared with other cases. To analyse this, consider a single test where the cutting parameters are: 4000rpm spindle speed, 1800mm/min feed rate, and 1mm depth of cut. For this particular situation, Figure 9 shows the time and frequency domain of the sensors and the signal estimate. Notably, the tooth-impact frequency peak of Sensor-2 is extremely low when compared with the corresponding harmonics which is reflected on both time and frequency domain as shown in Figures 9(b) and 9(e), respectively. This is likely to have a severe impact on the periodic component strength of the signal estimate despite the low preference-weight attributed to the sensor by the framework. Besides this, it is also reported for Sensor-1 and Sensor-3 that the amplitude of the tooth-impact frequency peak is relatively close to the corresponding harmonics as shown in Figures 9(d) and 9(f), respectively. As a result, the amplitude of the tooth-impact frequency peak of the signal estimate as shown in Figure 9 (h) is also relatively close to at least one of the harmonics which clearly affects the periodic component strength. This suggests that when the periodic component strength of the signals involved in the ensemble is weak, it is very likely for the periodic component strength of the signal estimate to be weak as well.
The above observations have shown experimentally that the proposed multi-sensor data fusion framework is able to enhance the periodic component strength of the sensor signal when a comparison is conducted: (i) with the worst performing sensor for all cutting conditions, and (ii) with the best performing sensor for the majority of the cutting conditions. To achieve this, the signal estimate derivation relies on those AE sensors with a strong periodic component. As a result, the interpretation of AE signals that have originated from CNC machining operations is likely to improve which leads to a more reliable and robust monitoring system. As a remark, further improvements are expected if more AE sensors are added to the monitoring system.
Conclusion
This paper proposed a multi-sensor data fusion framework for monitoring machining operations based on rotary cutters. The framework was able to: (i) identify which of the sensors provides the best signal representation and the best location for monitoring the cutting operation; and (ii) derive a signal estimate by combining the sensory information from three AE sensors during a CNC machining cutting operation. The signal estimate is characterised by an enhanced periodic component corresponding to the tool rotation period when compared with the individual AE sensors. The performance of the proposed framework has been studied for a wide range of machining parameters and a comparison has been conducted vis-à-vis the AE sensors. The experimental results have revealed that: (i) the AE sensors are indeed highly sensitive to sensor location and to cutting parameters, (ii) the periodicity strength measure could identify the sensor with the best signal representation and best location for the given set of cutting parameters, and (iii) the derived signal estimate could outperform most of the individual sensor signals for the majority of the experimental tests in terms of periodic component strength. Despite this, it has also been found that if the periodic component strength of all the signal involved in the ensemble is weak, then the signal estimate is likely to have a weak periodic component as well. This study marks a new direction for machining monitoring systems that currently rely only on one sensor. For future work, the authors endeavour to study the effect of scaling the number of sensors in the robustness and reliability of the proposed framework. Also, it is intended to implement the framework for on-line monitoring and to adapt the concept to other type of tools and machining processes.
